Carbon density is an important indicator of carbon sequestration capacity in forest ecosystems. We investigated the vegetation carbon density of Pinus massoniana Lamb. forest in the Jiangxi Province. Based on plots investigation and measurement of the carbon content of the samples, the influencing factors and spatial variation of vegetation carbon density (including the tree layer, understory vegetation layer and litter layer) were analysed. The results showed that the average vegetation carbon density value of P. massoniana forest was 52 Mg·ha −1 . The vegetation carbon density was significantly (p < 0.01) and positively correlated with the stand age, mean annual precipitation, elevation and stand density and negatively correlated with the slope and mean annual temperature. Forest management had a significant impact on vegetation carbon density. To manage P. massoniana forest for carbon sequestration as the primary objective, near-natural forest management theory should be followed, e.g., replanting broadleaf trees. These measures would promote positive succession and improve the vegetation carbon sequestration capacity of forests. The results from the global Moran's I showed that the vegetation carbon density of P. massoniana forest had significant positive spatial autocorrelation. The results of local Moran's I showed that the high-high spatial clusters were mainly distributed in the southern, western and eastern parts of the province. The low-low spatial clusters were distributed in the Yushan Mountains and in the northern part of the province. The fitting results of the semivariogram models showed that the spherical model was the best fitting model for vegetation carbon density. The ratio of nugget to sill was 0.45, indicating a moderate spatial correlation of carbon density. The vegetation carbon density based on kriging spatial interpolation was mainly concentrated in the range of 32.5-69.8 Mg·ha −1 . The spatial distribution of vegetation carbon density regularity was generally low in the middle region and high in the peripheral region, which was consistent with the terrain characteristics of the study area.
Introduction
In recent years, the concentration of atmospheric carbon dioxide (CO 2 ) has been increasing due to the massive combustion of fossil fuels and changes in land use [1] . Global warming caused by increasing atmospheric CO 2 concentrations has become a major concern in China and worldwide [2, 3] . Mitigation methods mainly include reducing anthropogenic CO 2 emissions and enhancing the potential for carbon
Materials and Methods

Study Area
The study area was located in Jiangxi Province of southeast China (24 • 29 -30 • 04 N, 113 • 34 -118 • 28 E). The total land area is 166,900 km 2 . This region is characterized by a mid-subtropical warm and humid climate. The mean annual temperature ranges from 16.3 • C to 19.5 • C, and the annual precipitation is 1675 mm, with a distinct wet season from April to June. The frost-free period lasts for 240-307 days. The soils are mainly red soil and red-yellow soil based on the Chinese soil classification, which are classified as ferralsols in the World Reference Base for Soil Resources. The soil texture is mostly silty loam, sandy clayey loam and clayey loam. The soil is mostly acidic, and soil thickness is generally greater than 50 cm. This area is rich in forest resources, with a forest coverage rate of 63.1%. The dominant vegetation types include evergreen broadleaf forests, P. massoniana forests, Cunninghamia lanceolata (Lamb.) Hook. forests and bamboo forests [14] . In the study area, the management of natural forests is mainly based on protection. Harvesting and other artificial measures are strictly restricted. However, the plantations are mainly used for cultivating timber. Artificial measures such as thinning and cutting trees are allowed to adjust stand structure, which can improve forest productivity.
Data Collection
In total, 611 plots were located throughout the area of distribution of P. massoniana across the Jiangxi Province (Figure 1 ), of which 301 plots were in planted forests. Each plot covered an area of 800 m 2 (28.28 m × 28.28 m) or 900 m 2 (30 m × 30 m). All plots were established during 2011-2016. The description of sample plots is shown in Table 1 . For each plot, the DBH (the diameter at breast height 1.3 m, minimum ≥ 5 cm and below was classified as understory) of each tree was measured individually. To measure the carbon concentration, we selected standard trees whose DBH and height were the same as or similar to the average DBH and height of sample plots and sampled their components (stems, branches, foliage and roots). Stem samples were taken in the middle of the trunk. Branch and foliage samples were taken in the middle of the crown. Root samples were excavated manually at approximately 1 m depth within a radius of 1 m from the tree centre. The understory biomass was determined at each sample plot using destructive sampling techniques, including herbs, shrubs, and trees of less than 5 cm DBH. Three 2 m × 2 m subplots were set up for shrubs, while three 1 m × 1 m subplots were established along a diagonal line for litter inside the plots. The shrub biomass components (branches, leaves and roots) and herb biomass components (aboveground parts and roots) were separated and determined the fresh weight. The litter in the 1 m × 1 m subplot was all collected and weighed to determine the fresh weight. Approximately 200 g of each sample was then taken back to the laboratory and oven dried at 65 • C for moisture content and carbon concentration analysis.
shrubs, and trees of less than 5 cm DBH. Three 2 m × 2 m subplots were set up for shrubs, while three 1 m × 1 m subplots were established along a diagonal line for litter inside the plots. The shrub biomass components (branches, leaves and roots) and herb biomass components (aboveground parts and roots) were separated and determined the fresh weight. The litter in the 1 m × 1 m subplot was all collected and weighed to determine the fresh weight. Approximately 200 g of each sample was then taken back to the laboratory and oven dried at 65 °C for moisture content and carbon concentration analysis. The mean annual temperature and mean annual precipitation were obtained from ClimateAP 2.11, which used a climate model to represent the eastern Asia Pacific region [15] . The period of the mean annual temperature and mean annual precipitation was 1980-2016.
Carbon Density Calculations
At present, biomass models and biomass estimation parameters have been widely used in large scale forest biomass estimation [16] . Biomass estimation parameters include biomass expansion factor [17] , wood density [18] and so on. In this study, the biomass of tree components (stems, branches, foliage and roots) were estimated using the biomass models [19] [20] [21] [22] ( Supplementary Table S1 ). The biomass of shrub components (branches, leaves and roots), herb components (aboveground parts and roots) and litter were calculated by fresh weight and moisture content. The carbon concentration of each biomass component was measured by the potassium dichromate oxidation-external heating method [23] . The biomass of each component was multiplied by the corresponding carbon concentration to calculate the carbon density. The total vegetation carbon density was the sum of the different biomass components (Table 2 ). 
Spatial Autocorrelation Analyses
Moran's I is a commonly used indicator of spatial autocorrelation at global and local scales. Global Moran's I is used to analyse the spatial autocorrelation pattern of the whole study area, and a single value is used to reflect the degree of autocorrelation of a variable. Values range from −1 to 1, with a value >0 indicating positive spatial autocorrelation and a value <0 indicating negative spatial autocorrelation. Furthermore, a value close to 0 implies spatial randomness. The statistic for global Moran's I of vegetation carbon density is defined as:
While global Moran's I indicates the presence or lack of spatial autocorrelation at the level of the study area as a whole, local Moran's I is used to calculate the degree of correlation of a variable in each spatial location with its neighbouring locations and to identify local spatial cluster patterns and spatial outliers. The local Moran's I index of vegetation carbon density can be expressed as:
where, x i and x j represent the values of vegetation carbon density at locations i and j respectively, x is the average vegetation carbon density value of x i across the study area, and w ij (d) is the spatial weight measure within a given bandwidth d. If the distance between block j and subject block i is less than or equal to d, then w ij (d) = 1, otherwise, w ij (d) = 0. A high positive local Moran's I value suggests the target value is similar to its neighbourhood, and then the locations are spatial clusters, including high-high clusters (high values in a high-value neighbourhood) and low-low clusters (low values in a low-value neighbourhood). Meanwhile, a high negative local Moran's I value implies a potential spatial outlier, mainly including high-low (a high value in a low-value neighbourhood) and low-high (a low value in a high-value neighbourhood) outliers [24] .
Geostatistical Analysis
Geostatistics uses variogram (or semivariogram) techniques to measure the spatial variability of a regionalized variable and provides the input parameters for the spatial interpolation of kriging [25, 26] . The semivariogram of vegetation carbon density can be expressed as:
where, r(h) is the semivariogram of vegetation carbon density for the lag distance h, Z(x i ) and Z(x i + h) are the values of vegetation carbon density at locations x i and x i + h respectively, h is the lag distance, and N(h) is the number of pairs of sample points separated by h. With the increase of distance, if the semivariogram stabilizes, it reaches a sill. The distance at which the semivariogram reaches the sill is called the range. Beyond this distance, data are considered to be independent. Discontinuities at the semivariogram origin could be present. Such an unstructured component of variation at h = 0 is known as the nugget effect, which may be due to sampling errors and short-scale variability. In this study, four semivariogram models were applied to explore the spatial structure of vegetation carbon density, which are linear, exponential, Gaussian, and spherical models. The best-fit semivariogram model for vegetation carbon density was chosen based on the highest coefficient values (R 2 ) and the minimum residuals [27] . Thereafter, according to the result of the best-fit semivariogram model, ordinary kriging was applied to produce the spatial distribution map of vegetation carbon density.
Statistical Analysis
The representative percentiles and commonly used descriptive statistics were calculated. Spearman correlation was used to study the correlation between vegetation carbon density and environmental factors. The differences in vegetation carbon density among different forest management measures were analysed using analysis of variance (ANOVA). All statistical analyses were carried out with SPSS 19.0 (SPSS Inc., Chicago, IL, USA). In this study, a statistical test of the Kolmogorov-Smirnov (K-S) method together with the skewness and kurtosis values was applied to evaluate the normality of the data sets. Box-Cox transformation was performed using R software (version 3.3, R Core Team 2017). The coefficient of variation (CV) is calculated by dividing the standard deviation by the mean value, which is used to determine the degree of dispersion for the variables assessed. A CV < 10% suggests low variability, a CV in the range of 10%-90% suggests moderate variability, and a CV > 90% suggests high variability [28] . Global Moran's I and local Moran's I values were measured using GeoDa 1.12.1.139 software (Luc Anselin, Chicago, IL, USA). The geostatistical analysis was carried out with GS+ (version 9.0, Gamma design software, LLC, Plainwell, MI, USA). All maps were produced using GIS software ArcMap 10.2 (ESRI, Redlands, CA, USA).
Results and Discussion
Descriptive Statistics
The average vegetation carbon density value of P. massoniana forest was 52.0 Mg·ha −1 (Table 3) , which was close to that of warm coniferous forest (53.5 Mg·ha −1 ) in China [29] . In our study, the CV value of vegetation carbon density was 66.34%, indicating moderate variability. Histograms of vegetation carbon density with a normal distribution curve are shown in Figure 2 . The raw data have a long tail towards high-carbon density values (Figure 2a ). The Box-Cox transformed data show a normal distribution (Figure 2b ). This result is confirmed by the K-S p value (p > 0.05). Therefore, the transformed data were used for geostatistical analysis. The average vegetation carbon density value of P. massoniana forest was 52.0 Mg·ha −1 (Table 3) , which was close to that of warm coniferous forest (53.5 Mg·ha −1 ) in China [29] . In our study, the CV value of vegetation carbon density was 66.34%, indicating moderate variability. Histograms of vegetation carbon density with a normal distribution curve are shown in Figure 2 . The raw data have a long tail towards high-carbon density values (Figure 2a ). The Box-Cox transformed data show a normal distribution (Figure 2b ). This result is confirmed by the K-Sp value (p > 0.05). Therefore, the transformed data were used for geostatistical analysis. 
Analysis of Influencing Factors
Environmental Factors Related to Carbon Density
The spearman correlation coefficients between vegetation carbon density and environmental factors were calculated ( Table 4 ). The vegetation carbon density was significantly (p < 0.05) and positively correlated with the elevation, slope position, slope aspect, mean annual precipitation (MAP), stand age, stand density and understory vegetation coverage and significantly (p < 0.01) and negatively correlated with the slope and mean annual temperature. The results of multiple linear regression were indicated that the vegetation carbon density was positively correlated with the stand age, MAP, elevation and stand density ( Supplementary Tables S2 and S3 ). These results explained that stand age, MAP, elevation and stand density played vital roles in vegetation carbon density. Lan et al. [30] indicated that the vegetation carbon density values increased with increasing elevation, precipitation and stand age in the Guangdong Province, China. Zhao et al. [31] reported that the vegetation carbon density increased with increasing precipitation and decreased with increasing temperature. The vertical distribution of vegetation carbon density was mainly influenced by variation in the combination of water and heat [32] . The reason for the positive correlation between 
Analysis of Influencing Factors
Environmental Factors Related to Carbon Density
The spearman correlation coefficients between vegetation carbon density and environmental factors were calculated ( Table 4 ). The vegetation carbon density was significantly (p < 0.05) and positively correlated with the elevation, slope position, slope aspect, mean annual precipitation (MAP), stand age, stand density and understory vegetation coverage and significantly (p < 0.01) and negatively correlated with the slope and mean annual temperature. The results of multiple linear regression were indicated that the vegetation carbon density was positively correlated with the stand age, MAP, elevation and stand density ( Supplementary Tables S2 and S3 ). These results explained that stand age, MAP, elevation and stand density played vital roles in vegetation carbon density. Lan et al. [30] indicated that the vegetation carbon density values increased with increasing elevation, precipitation and stand age in the Guangdong Province, China. Zhao et al. [31] reported that the vegetation carbon density increased with increasing precipitation and decreased with increasing temperature. The vertical distribution of vegetation carbon density was mainly influenced by variation in the combination of water and heat [32] . The reason for the positive correlation between vegetation carbon density and elevation in this study may be that, with increasing elevation, the temperature decreases, and the precipitation increases, which is more conducive to plant growth. With increasing stand age, the plant biomass, and therefore the vegetation carbon density, increase, which could explain the positive correlation between vegetation carbon density and stand age in this study. The steeper the slope is, the more barren the soil is, which is not conducive to plant growth. Therefore, the vegetation carbon density decreased with increasing slope in this study. 
Forest Management Related to Carbon Density
The vegetation carbon density was studied in areas with different forest management (natural and planted P. massoniana forests) ( Figure 3 ). The vegetation carbon density of natural P. massoniana forest was significantly higher than that of plantation. Our results are generally consistent with the carbon density between natural and planted P. massoniana forests reported by Xiao et al. [33] . The reason may be related to man-made management measures. In the study area, the natural P. massoniana forest was mainly managed for pest control and forest fire prevention. Artificial measures such as tending, tree species and stand density adjustments were not implemented. The forest grew almost according to natural succession. Therefore, some broadleaf trees were present in the natural forest, and the coverage of understory vegetation was high. However, P. massoniana plantations were mainly used for cultivating timber. The management involved the removal of understory vegetation, thinning and cutting non-objective tree species such as broadleaf trees, resulting in a single structure of tree species and reduced understory vegetation. These forest management measures were not conducive to the positive succession of the plantation.
forest, and the coverage of understory vegetation was high. However, P. massoniana plantations were mainly used for cultivating timber. The management involved the removal of understory vegetation, thinning and cutting non-objective tree species such as broadleaf trees, resulting in a single structure of tree species and reduced understory vegetation. These forest management measures were not conducive to the positive succession of the plantation. Zhan et al. [34] indicated that replanting broadleaf trees in P. massoniana forest for 20 years could improve soil fertility and promote the growth of P. massoniana. Fan et al. [35] also found that replanting broadleaf trees in P. massoniana forest could effectively improve the vegetation biomass. Lai et al. [36] reported that the vegetation carbon density of P. massoniana forest increased with the proportion of broadleaf trees. The planted and natural P. massoniana forests in our study were in the early stages of secondary succession, they would grow into mixed broadleaf-conifer forest that were P. massoniana-dominant (Mixed I), mixed broadleaf-conifer forest that were broadleaf-dominant (Mixed II) with forward succession, and finally succession to an evergreen broadleaf forest zonal climax community. When we combined our results with interrelated research [37, 38] about different successional stages of carbon density (Figure 4 ), we found that the vegetation carbon density increased as the proportion of broadleaf trees increased. Therefore, to manage P. massoniana forest for carbon sequestration as the primary objective, near-natural forest management theory should be followed, such as replanting broadleaf trees. These measures would promote positive succession and improve the vegetation carbon sequestration capacity of forests. However, the relevant research reported that the carbon sequestration rate of vegetation decreased with positive succession. For example, Fang et al. [37] reported that during the period from P. massoniana forest to mixed forest through succession, the carbon sequestration rate of vegetation ranged from 4.63 to 7.37 Mg·ha −1 ·year −1 in the initial stage, then gradually slowed down, and finally, was in the range of 0.98-1.17 Mg·ha −1 ·year −1 . Zhan et al. [34] indicated that replanting broadleaf trees in P. massoniana forest for 20 years could improve soil fertility and promote the growth of P. massoniana. Fan et al. [35] also found that replanting broadleaf trees in P. massoniana forest could effectively improve the vegetation biomass. Lai et al. [36] reported that the vegetation carbon density of P. massoniana forest increased with the proportion of broadleaf trees. The planted and natural P. massoniana forests in our study were in the early stages of secondary succession, they would grow into mixed broadleaf-conifer forest that were P. massoniana-dominant (Mixed I), mixed broadleaf-conifer forest that were broadleaf-dominant (Mixed II) with forward succession, and finally succession to an evergreen broadleaf forest zonal climax community. When we combined our results with interrelated research [37, 38] about different successional stages of carbon density (Figure 4 ), we found that the vegetation carbon density increased as the proportion of broadleaf trees increased. Therefore, to manage P. massoniana forest for carbon sequestration as the primary objective, near-natural forest management theory should be followed, such as replanting broadleaf trees. These measures would promote positive succession and improve the vegetation carbon sequestration capacity of forests. However, the relevant research reported that the carbon sequestration rate of vegetation decreased with positive succession. For example, Fang et al. [37] reported that during the period from P. massoniana forest to mixed forest through succession, the carbon sequestration rate of vegetation ranged from 4.63 to 7.37 Mg·ha −1 ·year −1 in the initial stage, then gradually slowed down, and finally, was in the range of 0.98-1.17 Mg·ha −1 ·year −1 . [37, 38] .
Spatial Cluster and Spatial Outlier Analysis
Forests 2019, 10, 880 9 of 14 Figure 5 shows the results of local Moran's I analysis for vegetation carbon density in P. massoniana forest. The global Moran's I value of vegetation carbon density was 0.1277 (p < 0.01), indicating significant positive spatial autocorrelation in the spatial distribution across the study area. Overall, the high-high spatial cluster areas were mainly distributed in the southern part of the Jiangxi Province, and small high-high spatial clusters were found in the western and eastern areas of the province. The low-low spatial clusters were distributed in the Yushan Mountains and in the northern part of the Jiangxi Province. These cluster distributions may be due to elevation, human activities and other factors. The high-high spatial cluster areas were characterized by high elevation, followed by less human disturbance, and natural forests were mainly distributed in the areas, which were conducive to the accumulation of forest carbon sinks [39] . The vegetation in the low-low spatial clusters of the Yushan Mountains was severely damaged, which resulted in soil erosion and degradation. After afforestation with P. massoniana, the forest is gradually restored, but plant growth has been poor, and understory vegetation remains generally scarce [40] . The soil degradation was serious and was not conducive to vegetation carbon sequestration. The occurrence of high-low and low-high outliers may be affected by the local forest soil, microclimate and topography. The relevant research also reported that the spatial clusters and spatial outliers were found in the spatial distribution of forest carbon density [32, 41] . 
Semivariance Analysis and Spatial Distribution
To stabilize the spatial variance, the transformed data, excluding the spatial outliers, were used. The best-fit semivariogram model for vegetation carbon density was chosen based on the highest coefficient values (R 2 ) and the minimum residuals. Compared to the linear, exponential and Gaussian models, the spherical model was the best fitted semivariogram model for vegetation carbon density (Table 5 ), and this conclusion is supported by the semivariogram graphs ( Figure 6) . The "nugget-tosill" value mainly represents the extent of spatial dependence, and the values <0.25, 0.25-0.75, and >0.75 represent strong, moderate and weak spatial dependence, respectively [42] . In this study, vegetation carbon density had moderate spatial dependence based on the "nugget-to-sill" value of 0.45. Therefore, both intrinsic and extrinsic factors strongly affected the spatial dependence of vegetation carbon density. The reason may be that plant growth was affected not only by structural factors such as topography, climate and other environmental factors but also by random factors such as human activities. 
To stabilize the spatial variance, the transformed data, excluding the spatial outliers, were used. The best-fit semivariogram model for vegetation carbon density was chosen based on the highest coefficient values (R 2 ) and the minimum residuals. Compared to the linear, exponential and Gaussian models, the spherical model was the best fitted semivariogram model for vegetation carbon density (Table 5 ), and this conclusion is supported by the semivariogram graphs ( Figure 6) . The "nugget-to-sill" value mainly represents the extent of spatial dependence, and the values <0.25, 0.25-0.75, and >0.75 represent strong, moderate and weak spatial dependence, respectively [42] . In this study, vegetation carbon density had moderate spatial dependence based on the "nugget-to-sill" value of 0.45. Therefore, both intrinsic and extrinsic factors strongly affected the spatial dependence of vegetation carbon density.
The reason may be that plant growth was affected not only by structural factors such as topography, climate and other environmental factors but also by random factors such as human activities. Based on kriging spatial interpolation, the vegetation carbon density was mainly concentrated in the range of 32.5-69.8 Mg·ha −1 (Figure 7) . The spatial distribution of vegetation carbon density regularity was generally low in the middle region and high in the peripheral region, which was consistent with the terrain characteristics of the study area. Our results are similar to the findings of Cao et al. [43] and Zhang et al. [44] . The high carbon density was mainly located in the northeast, western and southern parts of the Jiangxi Province. These areas were characterized by high elevation and good hydrothermal conditions, followed by less human disturbance, which resulted in the highvegetation carbon density. The areas with low carbon density were mainly located in the northern and central parts, which were characterized by low elevation and dense population, followed by frequent human activities. In addition, the soil erosion was serious in the Yushan Mountains, which led to the soil degradation and was not conducive to vegetation carbon sequestration. Based on kriging spatial interpolation, the vegetation carbon density was mainly concentrated in the range of 32.5-69.8 Mg·ha −1 (Figure 7) . The spatial distribution of vegetation carbon density regularity was generally low in the middle region and high in the peripheral region, which was consistent with the terrain characteristics of the study area. Our results are similar to the findings of Cao et al. [43] and Zhang et al. [44] . The high carbon density was mainly located in the northeast, western and southern parts of the Jiangxi Province. These areas were characterized by high elevation and good hydrothermal conditions, followed by less human disturbance, which resulted in the high-vegetation carbon density. The areas with low carbon density were mainly located in the northern and central parts, which were characterized by low elevation and dense population, followed by frequent human activities. In addition, the soil erosion was serious in the Yushan Mountains, which led to the soil degradation and was not conducive to vegetation carbon sequestration. The main factors affecting the spatial distribution of forest vegetation carbon density on the large regional scale were temperature, precipitation, elevation and other natural factors, while terrain characteristics could directly affect the distribution patterns of temperature and precipitation. Our results are similar to the results of Mizanur Rahman et al. [45] , Swetnam et al. [46] and Wen et al. [47] . The spatial distribution of forest vegetation carbon density coincides with the terrain characteristics, which reflects that plant growth depends largely on natural conditions. Therefore, we can see that natural conditions are the dominant factors affecting forest productivity. In addition, the spatial distribution of forest vegetation carbon density is also affected by forest land use [48, 49] , forest management measures [50, 51] and other human factors. These factors mainly affect the spatial distribution of forest vegetation carbon density in some small areas. Therefore, on a large regional scale, the spatial distribution of forest vegetation carbon density was consistent with the terrain characteristics. However, in some areas, the spatial distribution of forest vegetation carbon density did not coincide with the terrain characteristics. In this study, we analysed only the vegetation carbon density of P. massoniana forest. However, soil is the largest organic carbon pool in the terrestrial ecosystems: the global amount of carbon in soils is estimated at 2500 Gt, including 1550 Gt of soil organic carbon and 950 Gt of soil inorganic carbon [52] . The soil organic carbon stock is nearly three times the vegetation biomass carbon pool and approximately twice the amount of carbon stored in the atmosphere [53] . Therefore, we will further study the spatial variation of soil carbon density in P. massoniana forest in the future.
Conclusions
The average vegetation carbon density value of P. massoniana forest was 52 Mg·ha −1 in the study area. Stand age, mean annual precipitation, elevation and stand density played vital roles in vegetation carbon density. Forest management played an important role in vegetation carbon density. Replanting broadleaf trees in P. massoniana forest could effectively improve the vegetation carbon sequestration capacity. There was moderate spatial dependence of vegetation carbon density, The main factors affecting the spatial distribution of forest vegetation carbon density on the large regional scale were temperature, precipitation, elevation and other natural factors, while terrain characteristics could directly affect the distribution patterns of temperature and precipitation. Our results are similar to the results of Mizanur Rahman et al. [45] , Swetnam et al. [46] and Wen et al. [47] . The spatial distribution of forest vegetation carbon density coincides with the terrain characteristics, which reflects that plant growth depends largely on natural conditions. Therefore, we can see that natural conditions are the dominant factors affecting forest productivity. In addition, the spatial distribution of forest vegetation carbon density is also affected by forest land use [48, 49] , forest management measures [50, 51] and other human factors. These factors mainly affect the spatial distribution of forest vegetation carbon density in some small areas. Therefore, on a large regional scale, the spatial distribution of forest vegetation carbon density was consistent with the terrain characteristics. However, in some areas, the spatial distribution of forest vegetation carbon density did not coincide with the terrain characteristics. In this study, we analysed only the vegetation carbon density of P. massoniana forest. However, soil is the largest organic carbon pool in the terrestrial ecosystems: the global amount of carbon in soils is estimated at 2500 Gt, including 1550 Gt of soil organic carbon and 950 Gt of soil inorganic carbon [52] . The soil organic carbon stock is nearly three times the vegetation biomass carbon pool and approximately twice the amount of carbon stored in the atmosphere [53] . Therefore, we will further study the spatial variation of soil carbon density in P. massoniana forest in the future.
The average vegetation carbon density value of P. massoniana forest was 52 Mg·ha −1 in the study area. Stand age, mean annual precipitation, elevation and stand density played vital roles in vegetation carbon density. Forest management played an important role in vegetation carbon density. Replanting broadleaf trees in P. massoniana forest could effectively improve the vegetation carbon sequestration capacity. There was moderate spatial dependence of vegetation carbon density, related to natural and anthropogenic factors. The spatial patterns were in line with the spatial clusters. The spatial distribution of vegetation carbon density regularity was generally low in the middle region and high in the peripheral region, which was consistent with the terrain characteristics of the study area.
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